Load 





Learning Objectives 


After completing this reading, you should be able to 


Define load and explain the characteristics of electricity demand patterns across different time 
periods 

Compare baseload generating units, intermediate units, and peaker plants 

Calculate and interpret the load factor, and explain how the load factor can impact the cost of 
electricity 

Interpret a load-duration curve and relate this curve to the economics of electricity generation 
Describe the process of load forecasting and explain how to account for uncertainty when 
forecasting loads over different time periods 

Describe characteristics of electricity demand (including demand elasticity), construct a demand 
and supply curve for electricity, and compare factors that influence short-run and long-run 
demand elasticity 

Describe and calculate the VOLL 

Compare electricity demand patterns for retail and industrial consumers 

Compare different types of demand management and demand response programs 


Excerpt is Chapter 2 of Introduction to Electricity Markets, by John Parsons. 
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Chapter 2 


Load 


2.1 Introduction 


Kilectricity is a vital commodity in modern economies. it drives a diverse array of industrial and commercial 
equipment, provides lighting, heating and air conditioning, and powers appliances. It is used by industry, by 
transport, by public facilities, in commercial buildings and by residents. The point of the electricity system 
is to serve this demand. The characteristics of this demand help determine which generation technologies 
are most useful, how much generation capacity is needed and the degree of security and stability required. 
This chapter introduces you to the characteristics of demand that will be so important later in this text. 


2.2 Load Patterns 


The term load means the quantity of electricity used by consumers. It can refer to the quantity used at a 
point in time, as in "the peak load during the week is 155 gigawatts", or it can refer to the quantity used 
over a period of time, as in "the total load served last year was 634 gigawatt hours". Sometimes the term 
is also used as a shorthand for the consumers themselves, treated as a group, as in "Load is opposed to the 
new policy because it will result in higher prices". A company that procures and delivers the electricity to 
consumers is called a load serving entity (LSE). 

As we will discuss later in this chapter, price can be a key variable determining the quantity of electric- 
ity consumed-i.e., price can determine load. However, in accordance with industry practice, we begin by 
describing patterns of load and forecasts of future load without giving much mention to price. 


2.2.1 Calendar Patterns 


A distinctive feature of electricity demand is the many calendar patterns it exhibits. These start with the 
daily cycle in which load increases in the morning, peaks in late afternoon or early evening, and drops to 
low levels through the middle of the night. This is also known as the diurnal cycle. The structure of the 
daily cycle varies with the days of the work week and the weekend, and also with holidays. Figure 2.1 shows 
the daily cycle of electricity consumption in the U.S. region known as the PJM Interconnection during one 
week in 2013. 

This daily pattern helps to determine different categories of generation, like baseload units, mid-merit 
or intermediate units and peakers. Figure 2.2 illustrates how these categories are tied to the daily load 
profile. Baseload generation is running more or less constantly, except for the hours it must be taken off-line 
for maintenance. In the figure, the baseload generation is shown as the bottom portion of each bar, shaded 
dark gray. We have set the amount of baseload capacity equal to the minimum load during the day. The 
remainder of the load, which is shown by the light gray and black portions of the bars, must be served by 
generation units that adjust their output to follow the changes in load through the day, i.e., which are load 
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Figure 2.1: The Daily Pattern of Electricity Consumption Through a Week in the U.S. region PJM. 


Image credit: U.S. Energy Information Administration website. 
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Figure 2.2: Illustration of How the Daily Load Curve Determines Categories of Generation 
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Figure 2.3: The Seasonal Pattern of U.S. Electricity Demand Over Many Years. 


Image credit: U.S. Energy Information Administration website. 


following. In the figure, the intermediate units, shown in light gray, turn on and slowly ramp up as load 
grows, and then ramp down and shut-off at the end of the day. The peakers, shown in black, fluctuate up 
and down more sharply to follow the shorter variations in load. As we will see in the next chapter, some 
types of generation units have limitations on how quickly and how much they can adjust with load, while 
others are more flexible and can respond to virtually any changes. The next chapter discusses the types of 
technologies that best suit each of these different categories. 

Another important calendar pattern is the seasonality in demand due to the need for heating in the 
winter and for cooling in the summer. Figure 2.3 shows the monthly retail electricity sales over many years 
in the U.S. broken down into three consumer sectors—residential, commercial and industrial. Note that each 
year’s residential sales pattern has two peaks: the highest peak is in the summer, with a second, smaller 
peak in the winter. Commercial sales have a much smaller second peak, while industrial sales have one peak. 
As the figure shows, certain segments of demand exhibit more of this seasonality and others less: industrial 
demand tends to be relatively constant, while residential demand shows the sharpest fluctuations. 

Of course, seasonality in electricity demand will be very different in countries with different climates. 
Singapore, for example, has a much more stable demand through the year, as illustrated in Figure 2.4. 


2.2.2 Load Factor 


These patterns impact the cost of electricity. Since it is still very expensive to store electricity, it is necessary 
to have sufficient generation capacity in place for the hours with the highest load. In other hours, that 
capacity goes unused. Therefore, a system with a sharply fluctuating load will have a higher per unit cost of 
electricity than a comparable system with no fluctuations in load. Put another way, it is more costly to serve 
load during the peak hours than in other hours. This is one reason why electricity is priced according to the 
time and day when it is to be delivered, and why prices vary dramatically hour-by-hour and month-to-month. 

A handy metric for summarizing this important characteristic is the load factor. The load factor is the 
ratio of the average load to the peak load in a specified time period: 


average load 


load factor = (2.1) 


peak load 
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Figure 2.4: The Seasonal Pattern of Household Electricity Demand in Singapore. 


Image credit: Singapore Energy Market Authority website. Reprinted with permission. 


For example, a load totaling 180,000 kWh over 30 days is an average hourly load of 250 kW: 30 days of 24 
hours each equals 720 hours, and 180,000/720=250. If the maximum hourly load during that same time 
is 1,000 kW, then the load factor is 25%. The maximum value for the load factor is 1, or 100%, and the 
minimum is zero. A load that is relatively constant will have a high load factor. If a load occasionally, but 
briefly, peaks to a high amount, it will have a low load factor.* 

Different classes of customers will have different load factors. Looking back at Figure 2.3 you can see 
that the load factor for the residential sector as a whole is lower than the load factor for the commercial 
sector as a whole, which is, in turn, lower than the load factor for the industrial sector as a whole. 

For the reason mentioned above, it is generally costlier to serve customers with a lower load factor. It is 
costlier to serve the residential sector shown in Figure 2.3 than the industrial sector.2, Companies supplying 
electricity carefully evaluate the load factor of the customers. The load factor for a particular residential 
customer could differ from the factor for the sector as a whole. Suppliers will carefully consider how different 
an individual customer might be from the aggregate. 

Customers can also adjust their own behavior or invest in technology to improve their own load factor. 
For example, an owner of a commercial building can reduce the air conditioning load during peak hours by 
chilling water at night and storing it in tanks and then using the chilled water for air cooling during the 
day. This increases the customer’s load factor and probably lowers the cost of delivering the electricity the 
building consumes, even if the total volume of consumption is slightly higher due to the losses from storing 
the chilled water. Whether this investment is worthwhile for the building owner depends both upon the cost 
of the technology, and also on how electricity is priced and whether the improved load factor is adequately 
remunerated. Authorities in many regions and countries are exploring ways to reform pricing so as to give 
the right incentives to customers. 

We have emphasized the importance of the load factor in determining the per unit cost of generating the 
electricity. The load factor also determines the per unit cost of distributing the electricity. The customer’s 
peak load is an important determinant of the cost of the physical connection, while the actual units of power 
delivered over time makes little difference. Most distribution systems recover their costs in part based on 
the units of power delivered over time. The distribution company delivering to a customer with a high load 

lA related metric is the demand factor. While similar, it is not the same. We will not discuss the demand factor. 


2The load factor is a summary metric for a complex profile of load. Therefore, it is possible to find some profiles with a 
lower load factor that is actually cheaper to serve. But this is not generally the case. 
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Figure 2.5: Load Duration Curve for New England, 2015. 


Data source: ISO-NE website. 


factor can recover its costs with a smaller per unit charge than the distribution company delivering to a 
customer with a low load factor. 


2.2.3 Aggregation in a Load Duration Curve 


A common way of organizing the annual information on demand is a load duration curve (LDC) as shown 
in Figure 2.5 which displays the load duration curve for the ISO-New England, a six state region of the 
U.S., for 2015. The horizontal axis shows the 8,760 hours in the year, and the vertical axis shows the load 
in megawatts (MW). The hours are not sorted in calendar sequence, but are instead sorted according to the 
load in that hour: the hour with the greatest load is on the left and the hour with the smallest load is on the 
right. The maximum load in an hour was 24,4837 MW and the minimum was 9,046 MW. The 1% of hours 
with the greatest load will be hours 1 through 88. If we find hour 88 on the horizontal axis and read off of 
the load duration curve, the load was 22,468: therefore, 1% of the time load was greater than 22,468 MW. 

The shape of the load duration curve is very important to the economics of electricity, for the reason 
noted earlier: it is costlier to serve peak loads. In order to serve the highest loads, it is necessary to build 
capacity that will sit idle in other hours. For the LDC displayed in Figure 2.5, if we had built capacity to 
serve 22,468 MW, we could serve the full load in 99% of the hours, but in 1% of the hours we would not 
have sufficient capacity. We would have to somehow ration the power across the loads. If we decide that we 
want enough capacity to fully serve all loads, then we need a total capacity of 24,437 MW or nearly 2,000 
additional MW of capacity. That 2,000 MW of capacity would sit completely idle in 99% of the hours each 
year. It would have to earn enough revenue in the 1% of the hours it is operating each year to fully recover 
the capital cost. Alternatively, if it becomes economic to store electricity, even for just a couple of hours, 
that could reduce the net generation needed in the very few hours with the highest demand and reduce the 
need for costly capacity that goes unused most of the time. 
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Figure 2.6: A Set of Normalized LDCs for Different Countries and Regions. 


Data source: The Lantau Group. 


Figure 2.6 shows normalized load duration curves for several different countries and regions. The 
LDC is normalized on the vertical axis. Instead of showing absolute megawatts of generation in each hour, 
the vertical axis shows the ratio of the megawatts of generation to the peak megawatts of generation. You 
can see this on the vertical axis at the leftmost point because all of the normalized LDCs start at 1.0 since 
the leftmost point of generation is the peak level of generation so the ratio of the peak to the peak is just 1. 
The normalized LDC then falls as the amount of generation falls relative to the peak. You can also see on 
the horizontal axis that this LDC is constructed using half-hourly intervals. As the figure shows, Singapore 
has a relatively flat normalized LDC. A flat load curve can be served with baseload generation. In contrast, 
the load curve for Western Australia (WA) is relatively steep. There are a few hours when load is very large, 
requiring a significant amount of capacity available to serve just a few hours—i.e., a significant investment in 
peakers. 


2.2.4 Forecasting and Uncertainty 


The electricity industry expends great effort in forecasting load. The calendar patterns in load shown 
above are an example of predictable variations in load that make forecasting possible. However, there are 
also unpredictable variations in load. At least they were unpredictable at the time we made the forecast. 
Temperatures on certain afternoons can reach unexpected highs, driving up load used for air conditioning. 
A summer may be hotter than expected, driving the seasonal peak above average. These unpredictable 
variations give rise to forecast errors. When making forecasts, it is not only important to describe the 
predictable variations, but also to quantify the residual uncertainty. Usually we do this by looking at our 
track record, and by measuring the size and quantity of the forecast errors. 

The object of the forecast is the forecast variable, and there are several different ones we might consider, 
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Figure 2.7: Intra-Hour Load Uncertainty: Actual Instantaneous Load Sampled at 4-second Intervals and 
Trend for One Hour. 


Image credit: EnerNex Corp. and Wind Logics, Inc. (2004). Wind Integration Study, Final Report. Reprinted with permission. 


depending upon the objective. One can forecast the total load for a day, or the peak load for the day, or 
the time profile of the load. The residual uncertainty is different depending upon the time window of the 
forecast variable—are we trying to predict load within a 5-second or 5-minute or 5-day window—and the time 
horizon for the prediction—are we predicting the load in the next hour or the next day or one month from 
now or two year’s from now. The residual uncertainty usually increases as the time window shrinks, and 
declines with the time horizon for the prediction. 


Intra-Hour Uncertainty 


Figure 2.7 shows load during 1-hour in the control area for the utility Xcel in the U.S. state of Minnesota. 
Load is sampled at 4-second intervals. The thin black line is the actual instantaneous measurement of load. 
The thicker gray line is a smooth trend line for the hour. The variation of the thin black line around the 
thicker gray trend line shows the volatility of load across 4-second intervals within the hour. This intra-hour 
uncertainty is inherent to the system and makes its own demands on the system. As we shall see in more 
detail in Chapter 4, the stability of an electrical system requires that generation be constantly adjusted to 
match load very tightly. Therefore, it is necessary to have generation units already up and running that 
can be adjusted at very short time scales such as the one shown in the figure so as to match those sharp 
variations in load. 

While it is impossible to predict the individual fluctuations shown in the figure, it is possible to measure 
the characteristics of the probability distribution, such as the size of the disturbances and their duration. 
It is that probability distribution that determines the amount of capacity needed to respond to this short 
horizon volatility. 
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Figure 2.8: Histogram of the Observed Day-ahead Forecast Errors in the CAISO system in MW. 


Image credit: Reprinted with permission of the National Renewable Energy Laboratory, 
from https: //www.nrel.gov /docs/fy13osti/57340.pdf, accessed August 29th, 2017. 


Day-Ahead Uncertainty 


Most electricity systems look ahead one day and develop a unit-commitment plan-i.e., which generating 
units will be turned on, which will be turned off, and which will be set in one of various other operating 
modes. A key input to this plan is the forecasted load throughout the next day. At the time the forecast 
is made, there is a lot of information about contemporary conditions. Long horizon variables such as the 
general state of the economy are resolved. Some short horizon variables, such as the weather, are relatively 
well resolved, but there remains some residual day-ahead uncertainty. 

Figure 2.8 shows a histogram of day-ahead forecast errors for the hourly load in the CAISO territory, 
which accounts for much of the U.S. state of California, during the year 2010. The forecast is slightly 
biased, since the mean error is approximately -85 MW. The standard deviation of the forecast errors is 
approximately 850 MW. The mean system load in CAISO in 2010 was 26 GW, so a 1 standard deviation 
forecast error is approximately a 3% error over the average load. If the distribution were normally distributed, 
approximately 0.1% of the errors would be greater than 3 standard deviations above the mean (i.e., above 
2,465 MW). However, the sample has heavy tails—i.e., more data points in the extremes than the normal 
distribution.? Indeed, as the figure shows, a number of forecast errors are in the range close to 4 GW, so 


3The figure shows both a normal distribution and a hyperbolic distribution, each fit to the data’s parameters. The hyperbolic 


distribution better captures the bias and heavy tail characteristics of the distribution. However, in this text, we will not go into 
any detail on the hyperbolic distribution. 
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Figure 2.9: Heat Map of the Observed Day-ahead Forecast Errors in the CAISO system in MW. 


Image credit: Reprinted with permission of the National Renewable Energy Laboratory, 
from https://www.nrel.gov/docs/fy13osti/57340.pdf, accessed August 29th, 2017. 


these largest errors equal approximately 15% of average generation. This is important, because a system 
would need to have capacity not only to supply the mean load, but something closer to the maximum. If 
the hour’s forecasted load were 26 GW, the system might need an extra 4 GW of capacity, or a total of 30 
GW, in order to be confident it could supply the load under almost the full range of forecast errors. 

Figure 2.8 assembles all of the forecast errors throughout the year into a single histogram, as if they 
reflect a single probability distribution. In fact, as we have already seen, load exhibits calendar patterns. 
The forecast errors themselves can also exhibit a calendar pattern, as Figure 2.9 illustrates. The figure is a 
heat map of the forecast errors. The top portion of the figure lines up each forecast error according to its 
location in the calendar. The horizontal axis captures the days starting in January on the left and running 
to December on the right. The vertical axis captures the hours of each day, starting with hour 1, just after 
midnight, at the top, and running to hour 24 at the bottom. So, the top portion of the figure has 8,760 boxes, 
1 for each forecast error. The boxes are then colored according to the size of the forecast error. The colors of 
the original figure have been collapsed to a grayscale, so it is only possible to distinguish the negative errors, 
which are the darker boxes indicating that actual load was much less than forecasted. Inside the bottom 
portion of the figure is a line showing the count of forecast errors in each color bar. Returning to the top 
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Figure 2.10: Electricity Use Forecasts Under Four Different Scenarios. 


Data source: U.S. Energy Information Administration website, 
https://www.eia.gov /outlooks/aeo/data/browser/. 


portion of the figure, we can see that the largest negative forecast errors occur during the morning and late 
evening hours when the system is ramping up and down. 


Medium and Long-Term Uncertainty 


It is also important to forecast load at longer horizons, such as 6 months, 1 year or 10 years. Medium- and 
long-term forecasts of load are usually driven by forecasts of other variables that are underlying determinants 
of load. Prime among these underlying variables are population dynamics—number of people, but also demo- 
graphic characteristics—-and economic development, including per capita income, employment growth, types 
of industry, housing characteristics, and so on. The changing efficiency of equipment, including consumer 
appliances, and the use of new equipment, such as electric cars, are also factors to include, depending upon 
the horizon of the forecast. These underlying variables are all difficult to forecast, and their impact on load 
is sometimes marked by its own uncertainty. Therefore, the total uncertainty in long-term load forecasts is 
very great. 

While the weather is among the most important determinants of load, at long forecasting horizons it 
is impossible to predict the specific weather. Therefore, long-term forecast models focus on successfully 
capturing the possible range of weather and its impact on load. Most models use long-term historical 
experience of weather patterns to capture the possible range of future weather. Going forward, it may 
become important to forecast future changes to this distribution-i.e., changes to climate—to the extent that 
becomes possible. 

A common way to present medium- and long-term uncertainty is using scenarios. Figure 2.10 shows 
forecasts of annual total U.S. electricity production from 2015 through 2050. In this forecast production 
equals load. The figure shows 4 scenarios. Each scenario is based on a set of assumptions about factors 
driving the forecast. The solid black line in the figure is the forecast under the reference scenario. The 
dashed gray line above it shows a forecast made using all of the same assumptions except one—the reference 
scenario assumes a particular set of regulations on power plant emissions known as the Clean Power Plan, 
while this scenario assumes that set of regulations is not in place. Consequently, its forecast shows electricity 
production in 2050 that is 4% higher than the reference scenario forecast. We can also contrast the top 
line marked by trianges, which is a scenario that includes an assumption of high economic growth, with the 
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Figure 2.11: A Demand Curve Shows a Schedule of Price and Quantity, Revealing the Quantity Demanded 
at Each Given Price. 


bottom line marked by Xs, which is a scenario that includes an assumption of low economic growth. ‘The 
high growth scenario forecasts total electricity production in 2050 that is 656 billion kilowatt hours (BkWh) 
greater than the low growth scenario, an increase of 15% over the low growth forecast. An array of scenarios 
is not a probability distribution. However, it gives some feel for the possible range of variability due to the 
factors used in constructing the scenarios. 

These medium- and long-term forecasts inform planning for generation capacity. Capacity can be shaped 
in the medium term by small investments in maintenance and by decisions to extend the operating life of 
existing capacity that is scheduled for closure. It can be shaped at slightly longer term by investments in 
upgrading equipment on existing plants, and, it can be shaped at even longer horizons by decisions to install 
new capacity. 


2.3 Demand 


The previous section treated load as if it were exogenous, and did not give significant attention to the role 
of price. This section addresses how consumers value electricity and therefore the role price can play in 
determining load. 

Of course, the starting point is to represent the consumers’ demand for electricity as a demand curve, 
which is a schedule showing the quantity demanded as a function of the price. We use the notation D(p) 
for the demand curve, where p is the price of electricity. Figure 2.11 provides an example. It is important 
to distinguish between the demand curve and the quantity demanded. The demand curve is a function with 
many possible combinations of price and quantity, while the quantity demanded at a given price is a single 
value. We can fix the demand curve, and explore how the quantity demanded varies with price. In electricity 
markets, the quantity demanded is also called load. 

If we intersect the demand curve with a supply curve, the point where the curves cross determines the 
equilibrium market price and the equilibrium market quantity demanded, as shown in Figure 2.12. 
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Figure 2.12: A Demand Curve Intersected with a Supply Curve: the Intersection Determines the 
Equilibrium Market Price and the Equilibrium Market Quantity Demanded. 


Keeping the demand curve fixed, we can shift the supply curve and observe how the equilibrium changes, 
as shown in Figure 2.13. Shifting the supply curve out increases the quantity supplied at any price. As a result 
of the supply curve shifting out, the equilibrium market price falls and the equilibrium quantity demanded 
increases. In this exercise, the demand curve is unchanged, while the quantity demanded changed. The 
demand curve reflects the underlying needs customers have, while the quantity demanded reflects the result 
of trading off those needs against the price that has to be paid to serve them. Even when the underlying 
need remains fixed, if the price charged for any given quantity changes, then customers will adjust their final 
choice of how much to consume. 

So far, we have spoken as if there is a single demand curve. In fact, there are many different demand 
curves. We can segment the customer base and discuss the demand of industrial customers which probably 
looks very different from the demand of residential or commercial customers. We can also speak about the 
demand at different dates in time. The demand curve for the summer, when residents may need a lot of 
electricity to power air conditioning systems, can be very different from the demand curve in the fall or 
spring. 


2.3.1 Elasticity 


An important characteristic of a demand curve is the elasticity of demand, which is the ratio of the percent 


change in quantity demanded to the percent change in price:* 
elasticity = ADD DID): (2.2) 
Ap/p 


4It is more precise to call this the price elasticity of demand, since there are other elasticities, such as the income elasticity 
of demand which measures the percentage change in quantity demanded for a percent change in income. 
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Figure 2.13: If the Supply Curve Shifts Out to the Right, Then the Intersection with the Demand Curve 
Changes and the Equilibrium Market Price Falls and the Equilibrium Market Quantity Demanded 
Increases. 


An increase in price usually results in a decrease in the quantity demanded: it never results in an increase. 
Therefore, the numerator in equation 2.2 is negative (or at most zero), and so elasticity is negative (or 
at most zero). In the extreme case when the elasticity is zero, the demand curve is said to be perfectly 
inelastic. Drawn in a figure, a perfectly inelastic demand curve is a vertical line. A customer that continues 
to purchase almost the same quantity in the face of a price increase has a very inelastic demand curve—a 
low elasticity, negative but close to zero. A customer that will dramatically reduce its quantity demanded 
in the face of a price increase has a very elastic demand curve-a high elasticity, which is more negative. So, 
paradoxically, when we speak of increasing the elasticity of demand, we are actually talking about making 
the elasticity more and more negative. A perfectly elastic demand curve has an elasticity of negative 
infinity. Drawn in a figure, it is a horizontal line. The elasticity does not have to be the same everywhere 
along the demand curve: a consumer could have an inelastic demand curve at very low prices, not varying 
its purchases much in the face of small changes in the price, and a very elastic demand curve at high prices, 
dramatically adjusting its purchases. 

It is important to distinguish between the short-run elasticity of demand and the long-run elasticity of 
demand. By the short-run, we mean immediately. The short-run elasticity measures how a consumer’s 
quantity demanded varies instantaneously as the price of electricity changes instantaneously. By the long- 
run, we mean over years. ‘The long-run elasticity measures how a consumer’s quantity demanded varies given 
a long time to adapt to a lasting change in the price. These are two extremes. Obviously, we can define 
elasticities of different lengths of time between the two extremes. 

The short-run elasticity is much lower than the long-run elasticity. In the short-run, many factors are 
fixed or difficult to change. Given a longer time to respond, it is always easier to adjust consumption to price. 
Consider, for example, a homeowner with electric heating. In the short-run, the consumer’s best response 
to a price increase may be to lower the thermostat and make do with a slightly colder home. But this may 
only produce a small decline in consumption because there is a limit on how cold the home can be allowed 
to get. However, if the price of electricity is likely to stay very high, the homeowner may look into switching 
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Figure 2.14: Hourly Price Elasticity of Electricity Demand for Germany. 


Data source: Knaut, Andreas, and Simon Paulus. Hourly price elasticity pattern of electricity demand 
in the German day-ahead market. EWI Working Paper No. 16/07, 2016, Table 3(c) and Figure 6. 


to a different way of heating the home, and they may also look into other changes such as better insulation. 
Their long-run consumption of electricity is more responsive to the price change-i.e., it is more price elastic. 
This greater long-run elasticity of demand holds true for all types of consumers, including industrial firms 
using electricity in their operations. 

The elasticity of demand can vary throughout the day. Figure 2.14 show some estimates of the hourly 
demand elasticity in Germany. The elasticity is lowest—closest to zero—during night times and in the middle of 
the day. The elasticity is greatest—most negative—in the morning and evening. It is plausible that consumers, 
including commercial customers, have some flexibility about when to start and stop certain processes so that 
they can shift a portion of their morning or evening demand from one hour to another in the face of high 
prices, whereas at night there is less shifting possible (and also, perhaps, less ability to monitor prices hourly 
and respond). 


2.3.2 Value of Lost Load 


Electricity systems occasionally break down. Sometimes these are small, isolated events of load shedding— 
i.e., when groups of customers are involuntarily cutoff from service. This is done to preserve the security 
of the larger system. Occasionally, these are spectacular blackouts that cut service over a wide territory, 
possibly affecting tens of millions of customers. Generally, the cause is insufficient generation capacity to 
serve the total load at a point in time, although there may be other causes as well. 

The unscheduled failure to provide service to customers is very costly. The value of that foregone service 
is called the Value of Lost Load or VOLL.® It is important to keep in mind that in this case, this load is 


>Other terms are the ‘value of unserved energy’, ‘customer cost of service interruption’, or simply ‘outage cost’. Other, 
related terms are the ‘value of customer reliability’ or the ‘value of supply security’ which describe transformations of the 
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Table 2.1: Value of Lost Load (VOLL) in Auckland, 
New Zealand (NZ$ /MWh). 


Respondent VOLL 
Residential $11,980 
Small non-residential $56,815 
Medium non-residential $27,992 
Large non-residential $3,906 
Average $14,900 


Data source: "Results of the Electricity Authority’s 
investigations into the value of lost load", New Zealand 
Security and Reliability Council, 11 March 2015. 


involuntarily cut off, affecting customers indiscriminately and cutting them off from all use, usually without 
warning. Consequently, the VOLL can be very high: much higher than the price at which many customers 
would have willingly reduced their service. 

An estimate of the VOLL is a very useful input to decisions about the operation of the electricity system. 
How much capital should be invested to make the system more secure and to reduce the likelihood of load 
shedding? The answer depends in part on the VOLL. Most electricity systems develop an official estimate 
of the VOLL which is then used in policy making. For example, the Electricity Authority of New Zealand 
publishes its estimates for VOLL for different classes of customers and different cities. Table 2.1 shows the 
results for the city of Auckland estimated in 2013.Shanghai Jiao Tong University 


2.3.3 Demand Management 


The focus in this text is on the wholesale market. Only a very few large consumers buy power directly in the 
wholesale market. Most consumers, including many industrials and almost all commercial and all residential 
customers, purchase power in a retail market. Their demand is then represented in the wholesale market by 
their retailer—i.e., by their load-serving entity (LSE). The wholesale price at which the LSE purchases their 
power is passed along to them, embedded in one way or another in the retail price they pay to the LSE. 
Exactly how the wholesale price is passed along matters a lot. One possibility is a direct pass-through, in 
which case the retail customer pays a retail price that fluctuates hour-by-hour with the wholesale price. This 
is known as real-time pricing. With a direct pass-through, the retail customer can adjust their quantity 
demanded in each hour to the fluctuating price on the wholesale market. However, only a very few retail 
customers receive a direct pass-through, as most retail customers receive an indirect pass-through. Their 
LSE charges a retail price to its many customers that is chosen to recover the cost of the wholesale power, 
on average, across all customers and all hours. But the retail customer’s price is not likely to change in 
the short-run in response to changes in the hourly wholesale price. Therefore, measured with respect to 
the wholesale price, the short-run elasticity of electricity demand is very low. Of course, in the long-run, 
as average wholesale prices rise or fall, this must translate into higher or lower retail prices on average, and 
there may be a higher long-run elasticity. 

Because retail demand is very inelastic to wholesale price fluctuations in the short-run, it is common 
in analyses of the wholesale market to abandon demand curves entirely, and simply speak of the aggregate 
quantity demanded-i.e., load—as a fixed or exogenous number. This value is exogenous with respect to price, 
but determined by the factors discussed above, such as the time-of-day or month of the year, as well as the 
weather and such things. On specific occasions we will dig a little deeper and discuss ways in which load 
can be made responsive to price, but they will be the exception. 

The short-run disconnect between hourly wholesale and hourly retail prices, and the resulting short-run 
inelasticity of demand are costly features of the electricity industry. In certain hours, customers pay a retail 


VOLL. 
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price that is below the full cost of providing an extra unit of electricity in that hour, while in other hours 
they pay a retail price that is above the full cost. Consequently, customers do not make the most economic 
choice about the purchase of power, and the total cost of serving the customer’s needs is higher than it might 
otherwise be. 

Over the industry’s many decades, and across many different regions and countries, a number of dif- 
ferent fixes have been tried to deal with this problem. We group many of these under the term demand 
management and others under the term demand response: 


e Demand management — Efforts to influence retail demand so that it is more economical on average, 
but without a direct pass-through of hourly wholesale price signals; 


e Demand response — Effort to influence retail demand so that it is more economical hour-by-hour, by 
increasing the portion of retail demand receiving a direct pass-through of hourly wholesale price signals. 


While this text defines the two terms in this precise way, the reader is cautioned that industry usage of the 
two terms is not perfectly consistent across regions and countries. 

A classic example of demand management is a direct load control program. These are retailer programs 
to offer customers slightly lower annual retail rates if they surrender absolute control over key components 
of their electricity demand. In North America, for example, some local utility companies give discounts to 
customers for allowing the utility the option to briefly shut off service to water heaters. This type of water 
heater contains a storage tank of water that is kept heated. When electricity demand hits a peak, and 
there is costly pressure on the system’s total generation, the retailer can temporarily shut off the heating 
element in selected water heaters and briefly reduce overall system demand. This action is not very costly 
to the customer: the heating element is only briefly shut off and the already stored hot water loses little 
of its heat in the short time of the interruption, so customers still have much of the utility of the system. 
For a short while, the customer is unable to replenish the hot water, so there is a brief cap on usage. A 
customer that needs extra hot water must postpone the usage to a different hour of the day. This type of 
demand management mimics imperfectly what the customer would have done had the customer received a 
direct pass-through of the hourly wholesale price: during that short period when electricity demand hit its 
peak and the system was strained, the wholesale price would have escalated, and the customer would have 
perhaps decided to shift its usage of the hot water heater to a different hour when the wholesale price is 
lower. We categorize this as demand management because the customer does not actually receive a direct 
pass-through of the wholesale price and respond on a case-by-case basis as it suits their needs: instead, the 
customer cedes control to the utility and receives some sort of a discounted price for its power. 

Another class of demand management programs is interruptible service. The customer agrees that 
under specified system contingencies, the power supply to the customer can be cut off. The customer receives 
some sort of discount to its regular tariff in exchange for giving up its right to uninterrupted service. This is 
essentially a tool to identify in advance those customers that can suffer lost load at least cost, and prioritize 
delivery accordingly. Instead of an indiscriminate shedding of load involuntarily, the system organizes a 
prioritized loss of load on a voluntary basis. Interruptible contracts are typically limited to large industrial 
and commercial customers. 

Demand response programs are more recent, and they rely on new technologies that enable retail cus- 
tomers to monitor hourly prices and adjust their consumption. A customer may do this monitoring and 
control on its own, or it may use computer automation or hire a company to do the active monitoring and 
control on its behalf. In a system with real-time pricing, the customer would benefit from continually mon- 
itoring prices and adjusting consumption. Less complete systems exist in which the customer only receives 
a direct pass through of the wholesale price in the rare event of system contingencies, and, correspondingly, 
the customer receives alerts or warning about these events so that the customer can adjust its demand in 
_ response. ‘These are known as critical peak pricing programs. 

Our distinction between demand management and demand response is not a thin, bright line. Demand 
management is based on the ability of the retailer to adjust the customer’s usage in response to system 
conditions, exactly as the customer might direct its own agent to do in response to an hourly wholesale price 
pass-through. The distinction is more one of degree, and a need to appreciate that demand management 
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measures are usually only a partial and rough implementation of what the customer would do if the customer 
were responding to a pass-through of the price, while demand response is the ultimate goal. Demand 
management measures can often make things much better, and full demand response is often impractical 
given current technology. Both demand management and demand response are intended to reflect customer 
willingness to have service interrupted in exchange for some monetary compensation. In that sense, they are 
an attempt to represent the demand curve in the wholesale market. This is preferable to involuntary service 
interruptions imposed by the system operator on the customer. Elsewhere in this text, we use a VOLL to 
reflect the cost of a service interruption, without making a distinction between involuntary interruptions 
imposed by the system operator and voluntary interruptions elicited through demand response or demand 
management. This is purely a simplification for the purpose of presentation. A true demand response system 
would have a schedule of increasing ‘prices’ as increasing volumes of interruptions are required, whereas in 
the numerical examples presented in this text we use a single number for the VOLL. 

Technologies for monitoring and controlling equipment and appliances are quickly evolving, however, 
and this is opening up new possibilities for the structure of the retail market and its relationship to the 
wholesale market. Many local, regional and national governments are exploring how their regulations should 
be adapted to enable these technologies and to encourage a more dynamic relationship between the retail 
and wholesale marketplaces. ‘This opens up the possibility for a very different future for the electricity 
market. However, for the moment this is still a speculation about the future. There are many obstacles 
to be overcome, and the technologies are in an infant stage. We can already see some small impacts in 
certain marketplaces, but it remains to be seen how much penetration these can have. This text focuses 
on the market as it currently is, but with an eye to the fundamental economic factors that may drive the 
exploitation of these new technologies in the future. 
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Study Review 


Some key terms introduced in this chapter were: 
e load 
e calendar patterns, 
e daily cycle 
e baseload units 
e mid-merit, or intermediate units 
e peakers 
e load following 
e seasonality 
e load factor 
e load duration curve, LDC 
e normalized load duration curve 
e forecasting load 
e predictable variations 
e unpredictable variation 
e forecast errors 
e residual uncertainty 
e forecast variable 
e intra-hour uncertainty 
e day-ahead uncertainty 
e medium and long-term uncertainly 
@ scenarios 
e demand curve 
e quantity demanded 
e equilibrium market price 
e equilibrium market quantity demanded 
e elasticity 
e perfectly elastic 
e perfectly inelastic 


e load shedding 
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e blackouts 

e value of lost load, VOLL 
e real-time pricing 

e demand management 

e demand response 

e direct load control 

e interruptible service 


e critical peak pricing 
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